The selection of rain gauges and rainfall parameters in estimating intensity-duration thresholds for landslide occurrence: Case study from Wayanad (India) by Abraham, M. T. et al.
water
Article
The Selection of Rain Gauges and Rainfall Parameters
in Estimating Intensity-Duration Thresholds for
Landslide Occurrence: Case Study from Wayanad
(India)
Minu Treesa Abraham 1,* , Neelima Satyam 1, Ascanio Rosi 2 , Biswajeet Pradhan 1,3,4 and
Samuele Segoni 2
1 Discipline of Civil Engineering, Indian Institute of Technology Indore, Madhya Pradesh 453552, India;
neelima.satyam@iiti.ac.in (N.S.); Biswajeet.Pradhan@uts.edu.au (B.P.)
2 Department of Earth Sciences, University of Florence, Via Giorgio La Pira, 4, 50121 Florence, Italy;
ascanio.rosi@unifi.it (A.R.); samuele.segoni@unifi.it (S.S.)
3 Centre for Advanced Modelling and Geospatial Information Systems (CAMGIS), Faculty of Engineering and
Information Technology, University of Technology Sydney, Sydney, Broadway, Sydney P.O. Box 123,
Australia
4 Department of Energy and Mineral Resources Engineering, Sejong University, Choongmu-gwan, 209
Neungdong-ro, Gwangjin-gu, Seoul 05006, Korea
* Correspondence: minu.abraham@iiti.ac.in
Received: 9 March 2020; Accepted: 31 March 2020; Published: 1 April 2020


Abstract: Recurring landslides in the Western Ghats have become an important concern for authorities,
considering the recent disasters that occurred during the 2018 and 2019 monsoons. Wayanad is one
of the highly affected districts in Kerala State (India), where landslides have become a threat to lives
and properties. Rainfall is the major factor which triggers landslides in this region, and hence, an
early warning system could be developed based on empirical rainfall thresholds considering the
relationship between rainfall events and their potential to initiate landslides. As an initial step in
achieving this goal, a detailed study was conducted to develop a regional scale rainfall threshold for
the area using intensity and duration conditions, using the landslides that occurred during the years
from 2010 to 2018. Detailed analyses were conducted in order to select the most effective method
for choosing a reference rain gauge and rainfall event associated with the occurrence of landslides.
The study ponders the effect of the selection of rainfall parameters for this data-sparse region by
considering four different approaches. First, a regional scale threshold was defined using the nearest
rain gauge. The second approach was achieved by selecting the most extreme rainfall event recorded
in the area, irrespective of the location of landslide and rain gauge. Third, the classical definition of
intensity was modified from average intensity to peak daily intensity measured by the nearest rain
gauge. In the last approach, four different local scale thresholds were defined, exploring the possibility
of developing a threshold for a uniform meteo-hydro-geological condition instead of merging the
data and developing a regional scale threshold. All developed thresholds were then validated and
empirically compared to find the best suited approach for the study area. From the analysis, it was
observed that the approach selecting the rain gauge based on the most extreme rainfall parameters
performed better than the other approaches. The results are useful in understanding the sensitivity of
Intensity–Duration threshold models to some boundary conditions such as rain gauge selection, the
intensity definition and the strategy of subdividing the area into independent alert zones. The results
were discussed with perspective on a future application in a regional scale Landslide Early Warning
System (LEWS) and on further improvements needed for this objective.
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1. Introduction
Landslides can be considered as processes that move earth and rock downwards by sliding, falling
and flowing in response to the extant conditions [1]. Within a span of seven years from 2004 to 2010,
a total of 2620 landslides were recorded globally, which led to the loss of 32,322 lives [2]. In India,
most of the highlands are affected by landslides and rainfall is identified as the major triggering factor
in the Himalayas and Western Ghats [3–6]. The rise in population demands for the urbanization in
high-altitude regions, which are usually susceptible to mass movements; therefore, when such places
become densely populated areas, landslides cause severe fatalities. Recent changes in climate are also
worsening the situation, with an increase in high intensity rainfalls and the consequent triggering
of rapid mass movements [7,8], such as the debris flows, which occurred in Wayanad district in the
state of Kerala during 2018 and 2019. The region is affected by a number of debris flows, with run-out
distances as long as 3 km. Most of the slope failures that occurred during the 2018 monsoon also
occurred during the 2019 monsoon as well. Thus, the increasing vulnerability of the region emphasizes
the need for landslide early warning systems (LEWS) to forecast future events. Research has been
carried out for establishing LEWS using the relationship between rainfalls and landslides in the Indian
Himalayas [9–12], but detailed investigations for the Western Ghats have not been conducted yet. A
LEWS should be developed on a regional scale for Wayanad district, incorporating monitoring tools
and rainfall thresholds so that warnings can be issued to authorities and the local community. As a
first step, this study focuses on establishing intensity–duration thresholds for the study area using
statistical analysis.
Rainfall thresholds can be defined as a critical state of rainfall parameters from which an effect or
result (landslides) can happen [13]. The minimum quantity of accumulated rainfall parameters
which are required to trigger a landslide event will define the rainfall threshold for a region.
Empirical and process-based approaches are widely used by researchers for developing rainfall
thresholds [8,14–23]. The definition of a process-based threshold is associated with detailed site
investigations and precise measurements. This approach is suitable for local scale or site-specific
studies where the hydro-meteo-geological parameters can be monitored with required accuracy.
Owing to the difficulties in estimating such parameters on a regional scale, this research focuses
on an empirical approach to derive the rainfall thresholds using historical data. A rainfall event
is usually characterized by three parameters: rainfall event (E), intensity (I), and duration (D). An
event rainfall is the total accumulated amount of rainfall during a period of continuous precipitation,
dubbed the duration of rainfall. The classical definition of intensity of rainfall is the average rate
of precipitation usually expressed in mm/h or mm/day. Intensity–duration thresholds were first
established by considering 73 landslides in several parts of the world by Caine in 1980 [24]. The
definition of threshold, considering the minimum boundary, was then followed by researchers across
the globe for analyzing local, regional and global scale thresholds [25–30]. Moreover, high intensity
rainfalls are often associated with landslides in hilly areas [31] and when an empirical approach is
pursued in regional scale studies, rainfall is more influential that site and slope characteristics [31–33].
For defining the minimum boundary or threshold, different statistical approaches can be used [34]. In
literature, different definitions are adopted to calculate the intensity used in threshold analysis, such as
mean intensity of an event [24], peak intensity [25] or most extreme intensity of sub-events [23].
Deducing the rainfall event associated with the occurrence of a landslide is the key factor in
determining the threshold conditions. A recent review highlights that rain gauges are the most widely
used instrument to collect rainfall data [35]. The selection of rain gauge in data-scarce regions are mostly
forced, as the nearest rain gauge is selected based on spatial constraints and minor refinements [5,35,36].
In some studies, when rain gauge density is very small, landslides outside a specific radius from rain
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gauges are discarded, thus further reducing the amount of available data [37]. Moreover, some scholars
observed that the threshold definition can be very sensitive to some boundary conditions, such as the
rain gauge selection and characteristics or the delimitation of alert zones [22,38].
This research focuses on the effect of different approaches of analysis, including different definitions
of rainfall intensity and different rain gauge configurations by using the database developed for the
study area of Kerala (India). The term “approach” is used in this study, denoting the process of
identification of a rainfall event which results in a landslide. The objective is to understand how the
identification of rainfall parameters can affect the development of the rainfall threshold on both local
and regional scales. Being one of the most followed approaches, the reliability of developing rainfall
thresholds based on the nearest rain gauge is used as a benchmark and quantitatively compared with
other strategies.
2. Description of Study Area
Kerala state is located in the southernmost part of the Indian subcontinent which is characterized
by all the three physiographic division: coastal plains, midlands and highlands. The geomorphic
features vary from coastal plains below sea level to mountain peaks with an elevation of 2695 metres.
In addition, 40% of the state’s area is occupied by the Western Ghats, the most significant orographic
feature of Indian Peninsula [39]. The Western Ghats is a humid forested area where debris flows,
initiated by rainfall, being the primary agents of landscape evolution [40]. Torrential rains during the
months of June, July and August 2018 triggered around 341 major landslides across ten districts of the
state [41]. Wayanad district was one of the worst affected districts which suffered severe socioeconomic
setbacks due to these landslides. About 36.74% of the net cropped area of the district was damaged in
the disaster [41]. Most of the locations that were affected in the 2018 landslide disaster were reactivated
during the 2019 monsoon also, making the situation critical.
The 2130 km2 area of Wayanad district lies between 11◦30’ N to 12◦3’ N latitudes and 75◦39’
E to 76◦30’ E longitudes, as shown in Figure 1. Geologically, the district can be divided into four
sectors: peninsular gneissic complex, migmatite complex, charnockite group and the Wayanad group
in north-central, south-central, southern and northern parts respectively [42]. Wayanad group rocks
are found on the northern side as bands. Charnockite rocks form the hilly terrains of south and
southeast parts of Wayanad, with narrow bands of pyroxene granulite and magnetite quartzite within
charnockite. Biotite hornblende gneiss found over large parts of south-central Wayanad represents the
migmatite complex.
The altitude of the district ranges up to 2084 m above sea level (Figure 1). The high altitude
Western Ghats and the denuded Wayanad Plateau constitutes the physiography of the region. The
plateau of Wayanadu is sloping towards the east and is bordered by isolated structural hills in the east.
Most of the district is drained by the Kabani River and its tributaries. The river which flows to the east,
along with its tributaries, contributed to the major carvings in the landscape of the catchment.
The topography of the region consists of features ranging from rugged high ranges to flood
plains [42]. Hill ranges in the west, northwest and south-western parts of Wayanad can be classified
as high ranges with rugged topography, occupied with dense forests with steep slopes. The eastern
hills of the districts are high ranges with moderately rugged topography, with an elevation ranging
from 1000 m to 1400 m. The valleys between high ranges are formed by the process of deposition and
erosion. The flood plains of the region form productive aquifers, and the alluvial thickness of more
than 10 m are typical in such plains. This topographical diversity increases the chances of landslides in
the region.
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( odified after [43]).
Four major soil types are found common in Wayanad district [42]. Reddish-brown lateritic soil,
formed due to the tropical climatic conditions, has its particle size ranging from clay to s lt, with
minor coarse fr ctions. Mananthavady, Kalp tta Sulthan Bathery areas are rich in forest soil,
formed by weather ng under forest cover. Deep brownish hydromorphic soil is seen in the undulating
topography i the district. This type of soil is formed by tr nsportation and sedimentation hill
slope aterials. Alluvial soils are found along the riverbanks, consisting of sandy and clayey fractions.
During the monsoon, landslides are frequent in the region and they can be considered as the main
geomorphological process, shaping the land cape.
2.1. Landslides in Wayanad
The types of landslides observed in the study region are mainly debris flows or slides of rapid
to very rapid nature. A general agreement is that such landslides are triggered by high-intensity
rainfalls. Hence, intensity and duration are the two parameters based on which rainfall thresholds are
derived from in this study. A threshold line in the form of power-law is derived for the region using
frequentist approach for the study area. I ages of some of the landslide events that occurred during
the 2018 monsoon in the study region are shown in Figure 2, pointing to the typology of landslides
observed in the study area. In the debris flow that occurred in Pancharakkolli (Figure 2a), 10 acres of
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land comprising of 4 acres forest and 6 acres agricultural land was lost. A total of nine houses were
damaged in the course, out of which five were completely destroyed. In Padinjarethara (Figure 2b),
four debris flows were initiated from the forest area and caused a severe loss of agricultural land. A
total of 10 acres of land was lost and 24 families were affected by the disaster. Several translational
and rotational earth slides also occurred during the 2018 monsoon (Figure 2c). Such events have
substantially decreased the stability of existing slopes and have affected the functionality of buildings
and roads. The debris flow that occurred in Kurichermala (Figure 2d) was the largest in terms of the
run-out, where around 150 acres of land (130 acres tea estate and 20 acres agricultural land) was washed
out along with the debris. A total of 17 families lost their homes in the disaster [44]. The high elevation
zones in the district is characterized by long and large volume debris flows (Figure 2a,b,d) owing to
the high regolith thickness combined with slope steepness. In zones of low elevation, debris/earth
slides are observed as riverbank failures and cut slope failures.
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Concerning landslide data, a variety of methods can be combined to obtain inventories as complete
and detailed as possible, including direct surveys, newspapers, internet news and official reports
from technical or administration offices [27,35,45]. In this study, the details of landslide events that
occurred during the study period (2010–2018) were collected from reports of the Geological Survey of
India, District Soil Conservation Office Wayanad and media reports. The spatial distribution of 123
landslide events identified are plotted in Figure 3, along with the drainage map of Wayanad. Most of
the landslide locations are close to the streams in the region, at higher elevations. The landslides that
occurred in the low-lying regions often took place under anthropogenic influences, along cuts and
slopes or along a riverbank, triggered during rainfalls. The database consists of the location, date of
initiation and typology of the landslide. The precision of the location and time reported is subject to
the availability of data from the report. The dates of occurrences of landslides were collected from
the government reports with daily accuracy. When the dates were not mentioned clearly, as in the
case of media reports, the event was assumed to occur one day before the reporting date. Locations
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were deduced with a spatial accuracy of the nearest mentioned place in the reports, i.e., the names of
villages in most cases. A general idea about the landslide typology was available from most of the
reports, but the details of the mode of failure were not available. Another constraint with the available
reports is their bias towards the fatalities. As the high altitude and unstable slopes are mostly within
the forest or less occupied areas, any possible slope failure in such areas is not reported by the media
or government reports. As the objective of the study is also to aid in LEWS to reduce the impact of
disaster on the population, ignoring such events is acceptable.
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2.2. Rain Gauges and Rainfall in Wayanad
For threshold analyses, the starting point is the collection of rainfall and landslide data [27,35].
Concerning rainfall, despite some recent advances relying on radar measurements, rain gauge is by far
the most commonly used method of measurement in threshold analysis [35]. Therefore, rainfall data
with the best possible temporal accuracy (daily time steps) were collected from 4 rain gauge stations
maintained in the area by the India Meteorological Department (IMD) [46]. The data from 2010 to
2018 are used to carry out the analysis for Wayanad district. The locations of the rain gauge stations
are Mananthavady (R1), Vythiri (R2), Ambalavayal (R3) and Kuppadi (R4). The annual cumulative
rainfall during the study period is shown in Figure 4. Maximum rainfall was observed in the year of
2018 with a cumulative rainfall of 3832 mm.
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The decision on choosing the rain gauge or source of rainfall data is an important step in threshold
definition. The variation of annual rainfall in four rain gauge stations is depicted in Figure 5. During
the study period, R3 and R4 recorded minimum annual rainfalls, and in most of the cases, the annual
precipitations recorded at these two gauges were comparable. R1 received a higher amount of rainfall
than R3 and R4, while R2 recorded the maximum rainfall in all the 9 years considered. The study can
be refined with the availability of rainfall data of better spatial and temporal resolution. The variation
in annual rainfall as observed in Figure 5 stresses the difference in meteorological conditions of the
four rain gauge areas and the need for separate local scale thresholds.
2.3. Approaches Used to Configure the Threshold Analysis
In this study, different approaches were considered for deriving intensity–duration thresholds.
The method of choosing rain gauges based on the nearest rain gauge is still one of the simplest and,
although criticized, widely used methods [35]. To correlate each landslide to the nearest rain gauge,
the district was divided into four zones, based on the spatial distribution of rain gauges, by means of
the Thiessen polygons technique, as shown in Figure 6. The method is based on a proximal mapping in
which the estimate of rainfall at any point is considered equal to the observation of the nearest sampling
point in the area [47]. Based on the location of the landslides, the triggering rainfall was identified
using the data from the rain gauge stations, using different approaches. Since the temporal resolution
of available rainfall data is one day, multiple landslides within the same polygon that occurred on the
same day were counted as a single landslide event for the definition of intensity–duration threshold.
The first approach was based on a regional scale, where the nearest rain gauge was chosen as the
reference gauge and data from all four rain gauges are merged to establish one single regional scale
threshold (merged threshold).
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available rain gauge could underestimate the threshold as the localized convective storms might not
be recorded at the rain gauge location [35]. Hence, another approach was adopted in which the rain
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gauge which records the maximum average intensity was chosen as the reference gauge, irrespective
of the spatial distribution (Imax threshold).
In the third approach, the peak daily intensity observed from the beginning of landslide event was
considered for the analysis instead of the average intensity (Peak I threshold). The reason for a deviation
from the conventional average intensity approach is the possible avoidance of the underestimation of
thresholds due to the low density of rain gauges.
Lastly, analyses were conducted separately on a local scale, so that four thresholds were derived
separately for each polygon (R1, R2, R3 and R4 thresholds).
Separate intensity–duration thresholds were defined for each approach with different exceedance
probabilities of 5%, 2.5%, 1% and 0.05% to find the best suited method.
3. Results
3.1. Statistical Analysis
According to Caine [24], intensity–duration thresholds are defined as a power-law in the
following form:
I = ∝Dβ (1)
where I is the mean intensity, expressed in mm h−1, D is the duration in hours and α and β are
empirically derived parameters. α is the scaling constant, which defines the intercept, and β defines
the slope of the power-law curve. In this study, two rainfall events are considered separate if there is
no precipitation for a minimum period of 24 hours (one day) in between, and the frequentist method is
adopted to establish a regional scale threshold for Wayanad district.
This approach uses the least square method to find the best fit line [34]. Taking into account the
variation of intensity values, the values were first log-transformed to avoid problems in fitting the data.
In a log vs. log plot, the data is fitted using a straight line with the equation
Log I = Log∝ + βLogD (2)
which is equivalent to the power-law in Equation (1). From Equation (2), the values of α and β can be
calculated, as Logα is the intercept and β is the slope of the straight line.
The difference in y coordinates of each event with the best fit line is then calculated and termed as
δI, which is obtained by the following equation:
δI = Log[IfD] − Log[I(D)] (3)
where Log If(D) is the y co-ordinate on best-fit line, and Log I(D) is the mean intensity associated with
each event. The distribution of δI is then fitted using a kernel density function of the form.
δI = Log[If(D)] − Log[I(D)] (4)
The data are found to follow a distribution similar to the standard Gaussian distribution. The
Gaussian fit of the probability density function is shown in Figure 7 as the dotted line. The threshold
lines of different exceedance probabilities were calculated using the fitted distribution of δI. The
distance ∆ between the best-fit line and the T line is used to calculate the intercept of threshold line
in the log vs. log plot. An exceedance probability of 5% indicates that the probability of occurrence
of landslides below this threshold is less than 5% [34]. The threshold of 5% exceedance is plotted
according to the shift ∆.
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3.2. Empirical Thresholds
Among the 123 landslide events recorded in the study period, 51 events occurred within the
first polygon Mananthavady, 36 events in the second polygon Vythiri, 15 events in the third polygon
Ambalayavayal and 21 events within the last polygon, Kuppadi. As described earlier, four different
approaches were used to define thresholds using the Frequentist method for the study area.
Using the frequentist approach, thresholds of several exceedance probabilities are defined for
the study area (Figure 8a). Out of the 123 landslide events considered for the analysis, 5% of events
are expected to fall below the T5 line, 2.5% below the T2.5 line and 1% events are below T1 line. No
events are expected to fall below the threshold line of 0.05% exceedance probability for such a small
dataset, which makes the line well below the possible critical conditions. All defined threshold lines
are observed to follow this pattern.
For Wayanad district, new rainfall thresholds were defined for possible landslide initiation, based
on the frequentist approach. All three regional scale thresholds are following the pattern as depicted in
Figure 8a, in terms of percentage events below each threshold line. The merged thresholds have the
highest slope of −0.24 but lesser intercept values than Imax thresholds. For Imax thresholds, the rainfall
event with maximum average intensity among the four rain gauge stations was considered for analysis.
In most of the cases, it was observed that the nearest rain gauge recorded the maximum average
precipitation, and, in some cases, other rain gauges were chosen for analysis. Thus, the intercept of the
threshold is slightly higher than that of merged data with a lesser slope. The peak I threshold follows
a pattern which is different from the power-law form associated to intensity–duration thresholds as
described in the work of Caine [24]: the resulting slope of the threshold is a positive value. The reason
for this could be that in the meteo-climatic setting of the study area, the total duration (D) of the
main event and the peak intensity registered in one of the sub-events are completely independent
and the relationship among them leads to an equation form that does not follow the power-law form
discovered by Caine. On the contrary, the longer the main rainfall event, the higher the possibility
of more intense bursts of rain, hence the positive exponent of the power-law function reported in
Figure 8d.
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Figure 8. Regional scale intensity–duration thresholds established for Wayanad with different
exceedance probabilities. (a) Critical rainfall conditions with different exceedance probabilities,
(b) Average intensity vs duration (Merged), (c) Maximum average intensity vs duration (Imax), (d)
Peak daily intensity vs ti (P ak I).
From Figure 9, it can be inferred that the rainfall conditions that triggered landslides in the
four separate polygons are slightly different from each other. Polygon 1 (Manathavady) covers the
maximum area and most of the landslide incidences are found to be located within the boundary.
The rainfall parameters that triggered landslides in Polygon 1 and Polygon 2 are characterized by
relatively higher intensity, and hence the slope of threshold curves is less than that of the merged data.
These regions are affected by large flows as the high-altitude regions in the district falls within these
polygons. In Polygon 3 (Ambalavayal), the number of events is the least and the observed events were
the results of relatively higher intensity rainfalls. In Polygon 3 and Polygon 4 (Kuppadi), most of the
incidences recorded were earth slides and cut slope failures. These polygons are at lesser elevations,
with moderate to low dissected plateau geomorphological conditions, and the slope failures are induced
by anthropogenic activities in the pursuit of infrastructure development. Since the number of events
considered in each polygon is lower, the percentage distribution of landslides below each threshold
line is slightly different from that shown in Figure 8a. For a better comparison of the threshold pattern,
all thresholds were plotted on the same graph for all the four exceedance probabilities as shown in
Figure 10. This helps for an easy comparison of the defined thresholds at each level of exceedance.
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Figure 9. Local scale intensity–duration thresholds established for Wayanad with different exceedance
probabilities. (a) Average intensity vs duration (R1), (b) Average Intensity vs Duration (R2), (c) Average
Intensity vs Duration (R3), (d) Average Intensity vs Duration (R4).
From Figure 10, it can be observed that for all exceedance levels, the relative positions of all the
defined thresholds follow a similar pattern. Peak I and R3 thresholds are much higher than all the
other thresholds. At lesser durations, Peak I thresholds are observed to be lower than R3 and the
reverse is observed during higher durations. R4 thresholds are the lowest in all cases, as the region is
characterized by less intensity rainfalls. R2 thresholds are conservative at lesser durations, but as the
duration increases, the threshold curve crossed merged, Imax and R1 thresholds. R1 thresholds are
observed to be in close similarity with the Imax values as at some exceedance probabilities, R1 is higher
than both Imax and merged thresholds and generally at higher durations, the threshold becomes more
conservative. The Imax thresholds are always higher than that of the merged thresholds with similar
values at low durations. The shift between the two threshold lines increases as the duration increases.
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4. Discussions
Choosing the best suited method from the obtained observations demands a detailed analysis
of the effect of thresholds on the study area. Separate analyses were conducted for occurrences of
landslides in each polygon using statistics. As pointed out in a recent study, statistical attributes
are reliable parameters that can be used to compare different methodologies for the definition of
threshold [48]. When the available information about the distribution of rainfall is coarse, the
possibilities for underestimating the threshold values are higher. From an operational point of view,
this could possibly lead to a number of false alarms. Hence, it is important to complete quantitative
analysis using statistical attributes. The attributes are calculated using a confusion matrix, comparing
the pr iction of each defined threshold and the occurrence of landslides. Everyday prediction of
thresholds during the study period (2010–2018) was used for the verification of the thresholds. True
positives are counted when the threshold is crossed, and a landslide is reported on the day. If no
landslides are reported when a threshold is crossed, it is counted as a false positive. Similarly, if
landslides are reported without the crossing of threshold, it is considered as a missed alarm and
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counted as a false negative. When thresholds are not exceeded and landslides are not reported, true
negatives are counted.
A perfect model would predict all the landslides correctly without any false positives or false
negatives. The performances of our tests are far from perfection, but the main objective of this work is
to discuss the results in a relative way to compare the different approaches used for threshold analysis.
The higher the number of true positives and true negatives, the better the model. Here, we use derived
parameters like efficiency, sensitivity, specificity and the likelihood ratio for a better understanding of
the relative performance of different thresholds. The aforementioned statistics can help optimize the
threshold model configuration, identifying a balance between false and missed alarms prediction. The
results are summarized in Table 1 below.
The higher number of false positives in all the cases points towards less positive prediction power
of the model. The very high number of true negatives in comparison with the order of other parameters
increases the efficiency of the model. It can be stated that the thresholds are conservative in nature
with much lower false negatives, and the Negative Predictive Power is very close to one in all the cases.
As expected, with the decrease in exceedance probability, the number of false positives is increasing,
which reduces the efficiency considerably. If the exceedance probability increases by more than 5, the
number of missed alarms will increase beyond 5%, which is also not acceptable. Hence, when defining
a threshold, a 5% exceedance probability can be considered.
A perfect prediction model should have the sensitivity and specificity values as one. Sensitivity
is a key towards the true positive rate of the model, and specificity is an indication towards the true
negative rate. In this study, T0.05 thresholds have sensitivity values as one, but this happens at the
cost of very low specificity values, which is not acceptable. The likelihood ratio can be considered as
the term which considers the effect of both sensitivity at the same time and can be taken as a reliable
parameter for comparison of different methods [49]. It can be understood from the analysis that Imax
thresholds have the maximum likelihood ratio in three different exceedance probabilities. At the same
time, in each polygon, the separate thresholds derived perform well. Hence, this study proposes a
regional scale threshold of 5% exceedance probability using the Imax approach and four separate
thresholds for each polygon operating on a local scale.
If polygons defined thresholds as lower than the merged dataset (R2 and R4), single regional scale
thresholds perform better than the separate polygon-wise threshold due to a lower number of false
alarms. In the other two polygons, polygon-wise thresholds (R1 and R3) can be opted over the regional
scale thresholds. Separate local scale thresholds have the advantage of more uniform climatic and
geological conditions, but the lower number of events used for calibration especially in R3 and R4 is
the major constraint in the definition. However, while creating a single dataset for the whole region,
the merged approach of considering the nearest rain gauge is less likely to be adopted than the Imax
approach. In case of peak I approach, the occurrence of high intensity rainfalls in the beginning of
rainfall event will produce a false alarm which will be sustained throughout the event, predicting the
possibility of a landslide. Even though the defined thresholds appear to be higher than all the other
approaches, this method is not found to be effective in reducing false alarms.
These results are useful to understand the sensitivity of I–D threshold models to some boundary
conditions such as the rain gauge selection, the intensity definition and the strategy of subdividing
the area into independent alert zones. Unfortunately, the derived thresholds are not ready to be
operated into a LEWS, but still the results highlighted the shortcomings that could be addressed
with future improvements. For instance, it would be very useful to use rainfall with higher temporal
resolutions (e.g., hourly) and to take into account the effect of antecedent rainfall conditions during the
monsoon season by using some state-of-the-art approaches like weighted antecedent precipitation
indexes [49–51] or soil moisture estimates [21].
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Table 1. Statistical Comparison of the derived thresholds. (The maximum likelihood ratio values are highlighted in bold.).
Statistical Attributes
T5 T2.5 T1 T0.05
R Merged Imax Peak I R Merged Imax Peak I R Merged Imax Peak I R Merged Imax Peak I
Ture Positives (a) 119 119 118 118 122 121 120 121 122 122 122 121 123 123 123 123
False Positives (b) 2130 2080 1967 2114 2439 2388 2301 2394 2721 2772 2705 2750 3515 3727 3620 3562
False Negatives (c) 4 4 5 5 1 2 3 2 1 1 1 2 0 0 0 0
True Negatives (d) 10895 10945 11058 10911 10586 10637 10724 10631 10304 10253 10320 10275 9510 9298 9405 9463
Efficiency = (a + d)/(a + b + c + d) 0.84 0.84 0.85 0.84 0.81 0.82 0.82 0.82 0.79 0.79 0.79 0.79 0.73 0.72 0.72 0.73
Misclassification rate = (b + c)/(a + b + c + d) 0.16 0.16 0.15 0.16 0.19 0.18 0.18 0.18 0.21 0.21 0.21 0.21 0.27 0.28 0.28 0.27
Odds ratio = (a + d)/(b + c) 5.16 5.31 5.67 5.20 4.39 4.50 4.71 4.49 3.83 3.74 3.86 3.78 2.74 2.53 2.63 2.69
Positive predictive power = a/(a + b) 0.05 0.05 0.06 0.05 0.05 0.05 0.05 0.05 0.04 0.04 0.04 0.04 0.03 0.03 0.03 0.03
Negative predictive power = d/(c + d) 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Sensitivity = a/(a + c) 0.97 0.97 0.96 0.96 0.99 0.98 0.98 0.98 0.99 0.99 0.99 0.98 1.00 1.00 1.00 1.00
Specificity = d/(b + d) 0.84 0.84 0.85 0.84 0.81 0.82 0.82 0.82 0.79 0.79 0.79 0.79 0.73 0.71 0.72 0.73
False positive rate = b/(b + d) 0.16 0.16 0.15 0.16 0.19 0.18 0.18 0.18 0.21 0.21 0.21 0.21 0.27 0.29 0.28 0.27
False negative rate = c/(a + c) 0.03 0.03 0.04 0.04 0.01 0.02 0.02 0.02 0.01 0.01 0.01 0.02 0.00 0.00 0.00 0.00
Likelihood ratio = Sensitivity/(1 − Specificity) 5.92 6.06 6.35 5.91 5.30 5.37 5.52 5.35 4.75 4.66 4.78 4.66 3.71 3.49 3.60 3.66
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5. Conclusions
A new landslide catalogue was prepared for Wayanad district, Kerala, India, compiling information
from different data sources. The catalogue consists of landslide events that happened from 2010 to 2018
in the district. With the available data, rainfall events associated with each landslide was identified
using the data from four rain gauges located at different places in the district.
The catalogue was used to determine intensity–duration thresholds on regional and local scales,
which is the first attempt of its kind for the study area. Four different approaches were adopted in the
study to develop intensity–duration thresholds by varying the selection of rain gauge, area considered
and definition of rainfall parameters. After the analysis, it can be concluded that on a regional scale,
selecting the rain gauge based on maximum average intensity (Imax) performs better than choosing
the nearest rain gauge. Four separate thresholds for each polygon considered are also proposed in
this study.
On a regional scale, with 5% exceedance probability, a rainfall of intensity 1mm h−1 of a
one-day duration is potent enough to trigger landslides in Wayanad district. It is also observed that
Mananthavady and Vythiri polygons are more susceptible to landslides than the other two regions. The
intensity of rainfall of a one-day duration which can possibly trigger a landslide in the Mananthavady,
Vythiri, Ambalavayal and Kuppady polygons are 0.97 mm h−1, 0.82 mm h−1, 1.26 mm h−1 and 0.75 mm
h−1 respectively. The Ambalavayal polygon can be considered as a relatively less vulnerable region
with a lower number of landslide events and higher threshold values.
The study emphasizes the importance of the preparation of landslide catalogues and determination
of rainfall thresholds for Wayanad region. An effective LEWS is an immediate requirement in the
region, and the study has to be further enhanced with state-of-the-art models developed for other parts
in the world. The existing model can also be conceptually modified using precise field monitoring
techniques as well. Attempts must be made to reduce the false alarms to develop an operational
rainfall threshold model to function as a Landslide Early Warning System for the region.
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